Precipitation data in the Global Precipitation Climatology Project (GPCP) and in four reanalysis datasets, ERA-Interim, MERRA, NCEP/NCAR, and JRA, are compared against the CPC Merged Precipitation (CMAP) in the cyclostationary empirical orthogonal function (CSEOF) space to evaluate these datasets in representing the summer precipitation characteristics over East Asia. CSEOF analysis is applied to each dataset, and regression analysis is performed in the CSEOF space with the CMAP data as the target. The regression analysis establishes one-to-one correspondence between the CSEOF loading vectors of the target variable and those of the predictors, i.e., GPCP and the four reanalysis datasets. The loading vectors of the GPCP data coincide almost exactly with those of the CMAP data, i.e., the two observation-based precipitation datasets represent practically identical summer precipitation characteristics over East Asia. The reanalysis datasets also reproduce the first five CSEOF modes reasonably; however, performance of NCEP/NCAR is notably lower than others. The re-constructed precipitation using the first five regressed CSEOF modes of the reanalysis datasets are well correlated with that of the CMAP data with reasonably large correlation coefficients, suggesting that these reanalysis precipitation products reliably simulate the major summer precipitation characteristics in East Asia. All of the four reanalysis products commonly show noticeable errors in representing the summer rainfall over the mid-latitude ocean to the south of Japan, the tropical western Pacific, tropical/subtropical regions including the Indochina Peninsula, India, the Maritime Continent, and regions of complex terrain especially those characterized by strong orographic slopes around the Tibetan Plateau. The errors over the regions of complex orography and coastal lines may be partially due to the inability of reanalysis models in simulating the effects of complex terrain and the lack of observations in these sparsely populated regions.
Introduction
Observation-based and reanalysis precipitation datasets play critical roles in climate research. For their importance, various research groups and operational centers around the world have recently introduced a number of precipitation analysis datasets based on observations from various platforms such as weather stations and satellite-borne sensors as well as reanalysis precipitation products based on model-assisted gridded assimilations. These datasets are great assets for advancing climate research via improved understanding of the dynamical and physical processes that shape the climate system (e.g., Kim et al. 2018; Neena et al. 2016) as well as by evaluating climate models for model improvement and bias corrections, just to name a few (Kim et al. 2013; Whitehall et al. 2012) . Having multiple observational and reanalysis datasets available for climate research, accuracy of individual datasets or the spread among multiple datasets of the same field have become an important concern.
Previous studies (Prakash et al. 2014; Kim et al. 2015a; Kim and Park 2016) found that precipitation characteristics in observation-based gridded datasets often vary widely among them. This is an important concern because model evaluation against observational and/or reanalysis data is critical for model developments/improvements and in the application of climate model data to impact assessments via bias correction (Kim et al. 2015a) , for example.
Because of the concern, earlier studies attempted to assess, quantify and understand the characteristics of uncertainties in observation-based gridded precipitation analysis datasets. Prakash et al. (2014) , for example, found that observation-based precipitation analysis datasets yield varying summer monsoon rainfall climatology over India and that the inter-dataset differences vary notably according to geography. Kim et al. (2015a) revealed that the spread among observation-based gridded precipitation analyses varies seasonally as well as regionally. Kim and Park (2016) also showed that the spread among gridded precipitation datasets over East Asia varies according to statistical properties, i.e., smallest in seasonal means and largest in longterm trends, in addition to geography and season. Such differences arise from various sources involved in analysis processes such as input data quality control, observation density, analysis schemes, and, for reanalysis datasets, the differences in model formulations (Legates and Willmott 1990; Kim et al. 2015a; Kim and Park 2016) . In most cases, it is difficult to trace and/or quantify the differences, not to mention to identify the most accurate dataset. In such cases, intercomparison of multiple datasets is one of useful ways of understanding the uncertainties in currently available observation-based datasets.
Most of previous data intercomparison studies dealt with the first two statistical moments, means and variances (e.g., Guirguis and Avissar 2008; Prakash et al. 2014; Kim et al. 2015a) . In this approach, the regional and/or temporal variations of the differences between datasets can be assessed. On the other hand, it is difficult to assess differences in the spatial and temporal characteristics using only the first two moment statistics. The most critical limitation of this socalled "pedestrian" approach is that statistical differences between two datasets shed only limited insight into how these datasets differ from each other in terms of physics and dynamics. A dataset represents variations produced as a consequence of interactions of multiple physical and/or dynamical processes in both space and time. It would be highly beneficial if individual physical and/or dynamical processes in a dataset can be separated and evaluated separately. The cyclostationary empirical orthogonal function (CSEOF) technique is an ideal tool for decomposing a dataset into physically and dynamically distinct modes of spatiotemporal evolutions. Each CSEOF loading vector describes a temporal evolution of spatial patterns tied to a distinct physical and/ or dynamical mechanism. The loading vectors are mutually orthogonal, and the principal component (amplitude) time series are also uncorrelated (often nearly independent) in time. For details of the CSEOF analysis, readers are referred to Kim et al. (1996 Kim et al. ( , 2015b and Kim and North (1997) . The essence of the approach used in this study is to evaluate individual CSEOF modes in order to assess how well reanalysis models perform in reproducing them. This approach allows us to evaluate a dataset in terms of the accuracy of physical and dynamical processes that produced the field in the dataset.
This study employs a recently introduced methodology based on the CSEOF analysis (Kim et al. 1996 (Kim et al. , 2015a Kim and North 1997) to assess the accuracy of five precipitation products including the observation-based Global Precipitation Climatology Project (GPCP) and four reanalysis datasets against the observation-based CPC Merged Analysis of Precipitation (CMAP) dataset. Section 2 presents the methodology of analysis and the datasets used in this study. Results of analysis are presented in Sect. 3, followed by discussion and concluding remarks in Sect. 4.
Datasets and method of analysis

Datasets
This study analyzes six precipitation datasets for the 37-year period 1979-2015. Two of these datasets, CMAP (Xie and Arkin 1997) and GPCP (Huffman et al. 1997 (Huffman et al. , 2009 Adler et al. 2003) are based on observations from surface stations and satellite retrievals. The spatial and temporal resolutions of these datasets are presented in Table 1 . We arbitrarily select the CMAP data as the reference data against which the remaining five datasets are evaluated. Four reanalysis precipitation datasets including the ERA-Interim reanalysis (Dee et al. 2011) , the NCEP/NCAR reanalysis (Kalnay et al. 1996) , the Modern-Era Retrospective analysis for Research and Application (MERRA; Rienecker et al. 2011) , and the Japanese 55-year Reanalysis (JRA; Kobayashi et al. 2015 ; Harada et al. 2016) are also evaluated against the CMAP data. Since the CMAP data are available at 5-day resolutions, the four reanalysis datasets are converted into pentad resolutions before the analysis. The native spatial resolutions of these six datasets also differ from each other. For consistency, all of these datasets are also interpolated to a common grid of 2.5° × 2.5° resolutions for analyses. The rescaled datasets preserve the fundamental precipitation characteristics of the original data (e.g., Guirguis and Avissar 2008) . Other gauge-based daily observational datasets such as APHRODITE (Yatagai et al. 2012 ) that has been widely used in Asian monsoon and hydrology studies (e.g., Preethi et al. 2017 ) are also available, but not included in this study because they cover only land areas.
CSEOF analysis
In order to compare precipitation characteristics represented in each dataset, CSEOF analysis (Kim et al. 1996 (Kim et al. , 2015b Kim and North 1997) is performed on all six datasets. This study is focused on the summer precipitation over the East Asian region of 90°E-180°E and Equator-60°N for the 120-day period (May 13-September 9). The 24-pentad summer period is selected in each year to describe evolutions of precipitation field during summer. CSEOF analysis decomposes space-time data as where r is location in space, t is time, n is the mode number, d = 24 pentads (i.e., 120 days) is the nested period, B n (r,t) are the cyclostationary loading vectors (CSLVs), and are the principal component (PC) time series for mode n. Each CSLV represents the temporal evolution of spatial patterns for the summer, and is orthogonal to others in space and time. Each PC time series describes long-term variations of the amplitude of the corresponding CSLV, and is uncorrelated with (often independent of) others. Conventional EOF analysis is a special case of CSEOF analysis with the nested period d = 1. Thus, each EOF loading vector consists of one spatial pattern and as a consequence is unable to depict an evolution of spatial patterns. CSEOF analysis is conducted on another dataset P(r,t) as in (2):
One-to-one correspondence between CSEOFs of the two sets in (1) and (2) is not necessarily established. That is, T n (r, t) ≠ P n (r, t) in general, and C n (r, t) may represent different physical and/or dynamical mechanisms that cannot be compared directly against B n (r, t) . In order to evaluate if and how well the two different datasets describe an identical
physical process, a regression analysis in CSEOF space should be performed.
Regression analysis in CSEOF space
Let us call T(r, t) a target variable and P(r, t) a predictor variable. Then, regression analysis in CSEOF space proceeds in the following manner:
Here, (3) is multiple regression of a target PC time series in terms of the predictor PC time series. A new CSLV, called the regressed CSLV, can be found by a linear superposition of the predictor CSLVs using the regression coefficients { (n) m } . The parameter M is the number of predictor CSEOF modes used in the regression analysis in CSEOF space; M = 20 in this study. The predictor variable, then, can be rewritten as Thus, the target and predictor variables together can be written as
The terms in the curly brackets represent an identical physical process manifested in the two different datasets. Thus, a comparison of B n (r, t) with C (reg) n (r, t) reveals how similar (or dissimilar) is the rendition of a physical process in the two datasets. We can carry out regression analysis in CSEOF space for multiple predictor variables to write to compare multiple datasets against the target dataset.
Results
Raw statistics
The first two statistical moments, means and standard deviations, of the summer precipitation in the six datasets are compared in Fig. 1a , b. All the six datasets show similar spatial patterns and magnitudes of the first two moments.
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Step 1:
Step 2:
Differences in the detailed structures between these datasets are also clear. Between the two observation-based datasets, CMAP shows slightly larger means and standard deviations than GPCP, most noticeably over the tropical western Pacific Ocean and off the west coast of the Indochina Peninsula (Table 2) . Over the continental areas, on the other hand, GPCP data shows larger means and standard deviations ( Table 2 ). The discrepancy between these two observationbased precipitation datasets could have originated from the differences in analysis procedures such as input datasets, pre-analysis data quality control, and analysis methodology (Xie and Arkin 1995; Vogel 2013; Kim et al. 2015a ).
Previous studies (e.g., Kim et al. 2015a; Kim and Park 2016) showed that the differences between observation-based gridded precipitation datasets vary widely according to regions, seasons, precipitation characteristics and/or statistical properties. Overall, the long-term means and the temporal standard deviation over the 37 summers, a surrogate for the seasonal cycle and its interannual variability respectively, of the GPCP data agree closely with the CMAP data ( Table 2) . The reanalysis precipitation datasets except JRA show systematically larger (smaller) means over the continental (ocean) region compared to the two observation-based products (Fig. 1a) . Compared to CMAP, all reanalysis (a) products except NCEP/NCAR overestimate the standard deviation over the continental region compared to CMAP; all of these reanalysis datasets except JRA underestimate the standard deviation over the ocean compared to CMAP. Over the tropical western Pacific, all reanalysis datasets except JRA show smaller means and standard deviations. The JRA reanalysis yields larger means but smaller standard deviations compared to CMAP. All the four reanalysis datasets also substantially underestimate the magnitude of the rain band over the ocean to the south of Japan, the most notable common problem in these reanalysis precipitation products. This problem is directly related to the representation of the northward progression of the East Asian summer monsoon rainfall and is most (least) serious in the NCEP/NCAR (JRA) reanalysis. Overall, the spatial patterns of the long-term mean and the standard deviation of the reanalysis data agree well with CMAP when their performance is measured in terms of the spatial pattern correlation and the relative magnitude (Table 2) . Table 2 shows that the reanalysis datasets yield larger pattern correlations with the CMAP data over ocean surfaces than over land surfaces; they also overestimate the magnitude of the spatial variability, especially for the mean climatology, compared to CMAP.
(b) Fig. 1 (continued) 
Comparison of individual CSEOF modes
In addition to the first two statistical moments, representations of various physical and/or dynamical processes involved in the spatiotemporal variations of summer precipitation over East Asia in each dataset are compared using the CSEOF components. For this evaluation, we first conduct CSEOF decomposition of each dataset. Then, regression analysis in CSEOF space is performed between the CMAP data (target) and the remaining five datasets (predictors). The R 2 values of regression for the first five CSEOF modes in Table 3 show that the GPCP data shows near-perfect regression fit for all of the first five modes. The four reanalysis datasets also show close regression fits with the CMAP data for the first five CSEOF modes, although not as high as the GPCP dataset. This implies that the temporal evolution of the regressed CSLVs of GPCP and the four reanalysis datasets closely agree with those of CMAP.
The PC time series of the two observation-based datasets, CMAP and GPCP, agree closely with each other throughout the analysis period for the first three modes (Fig. 2) . The first CSEOF mode represents the seasonal cycle, which dominates the evolution of summer monsoon rainfall over East Asia. The corresponding PC time series has a non-zero mean with strong fluctuations in the amplitude as shown in Fig. 2a for CMAP and GPCP. This implies that the phase of the evolution of the first mode as depicted in the corresponding loading vector (Supplemental Movie 1), remains positive throughout the analysis period. The PC time series (Fig. 2a) clearly shows the years of the monsoon precipitation well below (e.g., 1988, 1999, and 2000) or well above (e.g., 1990, 1992, and 2002) normal.
The temporal variations of the CSLVs of the first CSEOF mode show that not only GPCP, but also the four reanalysis datasets closely agree with CMAP throughout the 24 pentads (Supplemental Movie 1). That is, all the six datasets show similar evolutionary pattern of the summer monsoon. Similar evolution features can be obtained from a composite analysis over the 24 pentads (not shown) indicating that this is a repeating signal. Figure 3 measures the proximity, measured in terms of spatial pattern correlation (Fig. 3a) and relative RMSE (Fig. 3b ) obtained by normalizing RMSE by the standard deviation of the CMAP data, of the first five CSLVs of the GPCP and the reanalysis datasets to those of CMAP for the 24 spatial patterns corresponding to the 24 pentads. The correlation coefficients and the relative RMSEs show that the CSLVs of GPCP are very close to those of CMAP. The pattern correlation between the CSLVs of GPCP and CMAP remain above 0.9 (black lines in Fig. 3a ) with relative RMSEs generally below 0.4 (black lines in Fig. 3b ) for the entire 24 pentads for the first five CSEOF modes. The R 2 values of regression for the GPCP data also exceed 0.98 for the first five modes (Table 3) . The reanalysis datasets, except Fig. 3a) exceed 0.7. The NCEP/NCAR dataset yields slightly, but systematically, smaller correlation coefficients of around 0.6 compared to other three reanalysis datasets (0.7 or larger). The average relative RMSEs are below 0.7 for the reanalysis data except NCEP/NCAR for which relative RMSEs are around 0.8 for the first five CSEOF modes. The second and the third CSEOF modes, which represent intraseasonal oscillations, of the five datasets also agree well with those of CMAP. Similar to the first CSEOF mode, the PC time series of CMAP and GPCP are close for the second and the third modes (Fig. 2b, c) with temporal correlations over 0.99 (Table 3 ). The temporal evolution of the loading vectors associated with the second and the third modes of the five datasets are close to those of the CMAP data over the entire 24 pentads (Fig. 3) . Temporal evolutions of the second and third modes are shown in Supplemental Movies 2 and 3. Because of the irregularity in the phase of the intraseasonal oscillations, these two CSEOF modes are required to fully describe the intraseasonal oscillations of precipitation. The four reanalysis datasets well reproduce the intraseasonal oscillations even though they slightly underestimate the magnitude of precipitation associated with these modes. This comparison of the PC time series and corresponding CSLVs shows that the two observation-based analysis datasets, CMAP and GPCP, agree closely with each other and that all the four reanalysis datasets perform reasonably in depicting the variability in the former datasets. Figure 4 shows the Hovmöller diagram of the first CSEOF mode that correspond to the summer monsoon, averaged over the longitude range of 127.5°E-130°E. This longitude band is chosen in the context of the location of the East Asian monsoon. The monsoon rain band arrives 33°N, around the latitude of the southern-most territory of Korea, on around July 20. The monsoon rainfall arrives in its northern-most reach of 38°N in early August in a climatological sense. The GPCP data agree closely with the CMAP data in the northward march of the summer rainfall even though the magnitude of the anomalous rainfall is slightly underestimated compared to CMAP, especially to the south of 30°N. The JRA and ERA-Interim reanalysis datasets reasonably depict the northward movement of the monsoon rainfall in the region. The NCEP and MERRA reanalysis datasets, on the other hand, seriously underestimate the magnitude of the anomalous precipitation within the longitude range, especially in the southern half of the Korean Peninsula (33°N-38°N, marked by the dashed lines in Fig. 4) .
Figures 5 and 6 show the Hovmöller diagram of the second and the third CSEOF modes averaged over the longitude range of 100°E-140°E which encompasses the East Asian monsoon region. Similar to the first CSEOF mode shown in Fig. 4 , CMAP and GPCP agree closely with each other; however, magnitudes of the anomalous precipitation in the GPCP data are generally weaker than in the CMAP data. All the six datasets capture the overall patterns of the intraseasonal oscillation during summer. The timing and the sign of the intraseasonal oscillations in the reanalysis datasets agree reasonably with the two observation-based datasets, Fig. 4 The Hovmöller diagram of the longitude (127.5°-130°E) averaged seasonal cycle (summer monsoon) derived from the six datasets for the CSEOF mode 1. The two dashed lines show the latitude range of the Republic of Korea. The two numbers in parenthesis denote the correlation coefficient and the relative RMSE with respect to the CMAP data specifically in the middle and late summer, July and August. The precipitation anomalies of MERRA and JRA agree closely with those of the two observation-based datasets for July and August over the entire latitude range from the Equator to 35°N. The NCEP/NCAR reanalysis shows problems in depicting the precipitation anomalies corresponding to intraseasonal oscillations in the tropical regions between the Equator and 10°N. Despite the general agreement between the reanalysis datasets and the observation-based CMAP and GPCP datasets, all the four reanalysis datasets underestimate, compared to the CMAP/GPCP data, the precipitation variability associated with intraseasonal oscillations, especially in the tropics for June. Figure 7 shows the correlation coefficients over the 24 pentads of the CSLVs between the reanalysis datasets and CMAP for the first three CSEOF modes. Unlike conventional EOF analysis where the loading vector is uniform for all time steps, each time step (pentad in this study) of the nested period has its own spatial pattern in CSEOF analysis. The correlation coefficient for the first mode generally exceeds 0.5 over most of the East Asia domain for all of the reanalysis datasets except NCEP (Fig. 7a) . All the four reanalysis datasets, to some degree, show common weaknesses in representing the summer monsoon rainband over the northwestern Pacific to the south of Japan, especially to the east of 150°E. This indicates discrepancy in the timing and/or the position of the rainband in the reanalysis datasets relative to the CMAP data. In general, correlations between CMAP and the four reanalysis datasets are fairly high in the mid-latitude continental regions and over the subtropical western Pacific. All of the reanalysis datasets also deviate notably from CMAP for some isolated regions, mostly in mountainous and/or coastal regions. This may be due to the reanalysis models' inability to represent the effects of complex orography and/or sparse observational inputs for assimilations. It must be noted that the observed CMAP and GPCP data also suffer from the lack of gauge data in these regions (e.g., Kim et al. 2015a; Kim and Park 2016) . For higher modes (Fig. 7b, c) , correlations decrease to below 0.5 over much of the inland regions of the Asian continent. Along the continental margin, correlation coefficients are still reasonable except for the Indochina Peninsula, Myanmar and Malaysia. For oceanic regions, all of the reanalysis products exhibit small correlation coefficients over the region of the rainband to the south of Japan and over the subtropical central Pacific Ocean. Performance of the reanalysis models for reproducing loading vectors over the continental interior regions, specifically the Tibetan Plateau and the Inner Mongolia, generally deteriorates for higher modes. The pattern correlation between the CSLVs of CMAP and GPCP is fairly high over much of the analysis domain for all three modes (figure not shown) with the average pattern correlation being over 0.9 (see Fig. 3a) . Figure 8 shows the relative RMSE of CSLVs calculated over the 24 pentads between the reanalysis datasets and the CMAP data for the first three modes. The relative RMSE for the first mode is generally well below unity except over the interior regions of East Asia, Myanmar and eastern India (Fig. 8a) . Regions of large relative RMSE over the western Pacific Ocean generally agree with the regions of small correlation (Fig. 7a) . Thus, most notable errors in these reanalysis datasets are associated with the representation of the main (monsoon) rainband over the mid-latitude western Pacific during summer. Similar to the first mode, the second and third modes (Fig. 8b, c ) exhibit larger relative RMSEs over the inland area and the high-latitude regions of the Pacific Ocean compared to other East Asia regions within the domain. Like the first mode, the regions of large relative RMSE generally coincide with the regions of small correlations, and the relative RMSE tends to be larger for higher modes. That is, weakness in representing the processes associated with the first three modes appears in the same geographical regions. This suggests common problems such as the lack of input observations and/or difficulties in simulating the effects of complex orography in these reanalysis models.
Reconstructed CSEOF modes
Summer precipitation over East Asia represented in the first five CSEOF modes are reconstructed as:
where N denotes the number of modes retained to reconstruct the precipitation field; N = 5 since the first five CSEOF modes are used. Note that the regressed loading vectors are used in conjunction with the target PC time series to compare the precipitation variability between the CMAP (target) and the four reanalysis datasets (predictors) associated with the same dynamical processes. Note that the reconstructed GPCP data (not shown) are nearly identical to the reconstructed CMAP data and are not included in this evaluation. The reconstruction based on the first three CSEOF modes yields nearly the same results as the five-mode reconstruction presented below except that the three-mode
reconstruction yields slightly smaller error standard deviations for both land and ocean surfaces (not shown). Figure 9 shows the correlation (Fig. 9a) , the relative RMSE (Fig. 9b) and the error standard deviation (Fig. 9c) between the 5-mode reconstructed CMAP data (i.e., target) and the four reanalysis datasets (i.e., predictors). Correlations between the reconstructed CMAP and the reconstructed reanalysis datasets are reasonably high in the entire domain except for the inland region of East Asia and Myanmar (Fig. 9a) . The relative RMSE is also reasonably small except for the interior region of the continental East Asia. Error standard deviations are ~ 2-3 times the magnitude of the standard deviation of the five-mode reconstructed CMAP data in the region to the south of 40°N, both over the land and ocean. While correlations are fairly large and relative RMSEs are fairly small over the subtropical western Pacific, error standard deviation is large, especially over the subtropical Pacific Ocean. This indicates that the reanalysis errors in representing the precipitation variability associated with the processes represented in the first five modes tend to increase as the variability (and the mean) of the CMAP data increases. The region of high error standard deviations includes the major precipitation regions. In the high latitudes to the north of 40°N, error standard deviation decreases notably, indicating that errors also decrease as the precipitation intensity decreases.
Variability not included in the first five modes
The remaining precipitation variability not included in the first five CSEOF modes is defined by The superscript r in (9) denotes the remaining variability. Figure 10 shows the correlation, the relative RMSE and the error standard deviation over the 24 pentads between the reanalysis datasets and the CMAP data after removing the first five CSEOF modes. All the four reanalysis datasets show correlations with CMAP below 0.5 over the Tibetan Plateau and the Indochina Peninsula, the Philippines, and the Maritime Continent (Fig. 10a) . All of the reanalysis datasets except MERRA also show smaller correlations over the tropical western Pacific. Other than these regions, the four reanalysis datasets show good correlations with the CMAP data, especially over the mid-latitude region (Fig. 10a) . The relative RMSE with respect to the CMAP data also show similar regional variations as the correlation coefficients. The geographical variations of the relative RMSE (Fig. 10b) corresponds inversely to the correlation coefficient (Fig. 10a); i.e., larger (smaller) relative RMSEs over the regions of smaller (larger) correlation coefficients. Visual inspections show that the MERRA (NCEP/NCAR) data (9) {T (r) (r, t), P (r) (r, t)} = {T(r, t) − T (5) (r, t), P(r, t) − P (5) (r, t)}. yields the largest (smallest) area of the correlation > 0.5 and the relative RMSE < 1.0 in the East Asian domain analyzed in this study. Error standard deviation (Fig. 10c) exceeds 5 mm day −1 in the lower-latitude regions below 30°N; it is generally larger than that for the reconstructions using the first five CSEOF modes in Fig. 9c (note the scale differences between Figs. 9c, 10c) . Considering that the remaining modes represent about 68% of the total summer precipitation variability in the domain, the four reanalysis datasets possess acceptable accuracy in representing summer precipitation characteristics over much of East Asia and the western Pacific Ocean, especially in the mid-latitude land and ocean areas. The regions of common weakness include the tropical western Pacific Ocean and the southern part of the East Asia land surfaces, especially the region including the southern and eastern slope of the Tibetan Plateau.
Discussions and conclusions
This study has evaluated the observation-based GPCP and four reanalysis precipitation datasets against the observationbased CMAP data for the variability associated with each CSEOF mode as well as for the first two statistical moments. Based on CSEOF analysis, precipitation in these six datasets has been decomposed into uncorrelated (nearly independent) and orthogonal evolution patterns. Then, one-to-one correspondence between the CSEOF modes derived from the target dataset (CMAP) and the predictor datasets (GPCP, ERA-Interim, NCEP, MERRA, and JRA) is established using the regression analysis in CSEOF space. The resulting regressed CSEOF modes as well as the reconstructed data based on them are compared against the corresponding fields of the CMAP data in order to assess the closeness between the predictor datasets and the CMAP data, i.e., to evaluate the predictor datasets against the target (CMAP) data. The analysis period includes 120 days (24 pentads) for each of the 37 summers from 1979 to 2015. It should be noted that using GPCP as the target variable yields essentially the same results obtained in this study.
Evaluations of the first two moment statistics, individual CSEOF modes, and the reconstructions for various combinations of the CSEOF modes, indicate that the GPCP data agrees closely with the CMAP data, i.e., the two observation-based precipitation analysis datasets represent essentially identical summer precipitation characteristics over East Asia and the western Pacific Ocean. The closeness of the GPCP and CMAP datasets are also supported from other metrics such as the spatial and temporal correlations, relative RMSEs, and error standard deviations calculated between these two datasets. The close agreement between CMAP and GPCP, especially over the land surface, is not surprising because these two datasets are based on similar input data and are calibrated using surface gauge data. The four reanalysis datasets also agree well with the CMAP data. The most notable problems in the reanalysis datasets are the underestimation of the summer rainband over the subtropical western Pacific to the south of Japan and in the tropical western Pacific Ocean. These errors are smallest in the JRA and the ERA-Interim datasets.
Assessment of the accuracy of the four reanalysis precipitation data in terms of the CSEOF loading vectors and PC time series reveals much more than what conventional methods can do. The reanalysis models are reasonably accurate in reproducing the first three modes of variability including the seasonal cycle (summer monsoon) and the intraseasonal oscillations (the second and third modes). Evaluations of the first three CSEOF modes from the four analysis datasets also show that they are fairly reasonable in terms of reproducing the evolution patterns of summer precipitation over East Asia and the western Pacific associated with these modes in CMAP. The most notable shortcomings of the reanalysis datasets are the underestimation of precipitation over the mid-latitude western Pacific to the south of Japan, which shows up clearly in the mean summer precipitation (Fig. 1) . Figure 7a shows that this problem is mostly due to the lack of representation of the summer monsoon rainfall associated with the first EOF mode.
The first five CSEOF modes of the four reanalysis datasets are fairly similar to those derived from the CMAP data with pattern correlations above 0.7 and average relative RMSEs below 0.7 except for NCEP/NCAR. The relatively poor skill of the NCEP/NCAR datasets compared to the other three datasets may be related with the fact that it is the earliest products among the four; the NCEP/NCAR reanalysis was generated by the earliest generation model and datasets without the benefit of the recently developed model formulations and observational datasets.
The reconstructed precipitation using the first five CSEOF modes for the four reanalysis datasets compares faithfully with that for the CMAP data. Correlations (RMSEs) between the reconstructed CMAP and reanalysis data are reasonably large (small) in the entire East Asian domain except for the inland region of East Asia and Myanmar. Error standard deviation is large in the region to the south of 40°N where precipitation magnitude is also large. The remaining precipitation outside the first five CSEOF modes agrees reasonably with the corresponding precipitation in the CMAP data as well. Both correlation coefficients and relative RMSEs deteriorate somewhat compared to those from the first five modes. Error standard deviation of the remaining precipitation is larger than that for the first five CSEOF modes. Despite the shortcomings discussed above, the reconstructed reanalysis data reasonably agree with the corresponding CMAP data in most of the East Asian region and the western Pacific Ocean. All the reconstructed reanalysis data for the first five CSEOF modes as well as the remaining precipitation outside the first five modes, show relatively poor performance over the subtropical western Pacific, the eastern Indian Ocean off the west coast of the Indochina Peninsula, and the land areas including the Indochina Peninsula, the Maritime Continent, and the southern/eastern slope of the Tibetan Plateau compared to other regions.
All of the reanalysis products examined in this study need improvement in simulating precipitation and associated processes over the western Pacific. Evaluation in this study shows that reanalysis models generally do not reproduce well the evolution of summer rainband over the ocean, especially over the mid-latitude eastern Pacific to the south of Japan and its subsequent movement over eastern China, Korea, and Japan. This is a critical concern because these regions contain massive populations and industrial activities that are heavily affected by summer rainfall. Problems over the land surfaces of highly complex terrain and/or coastal geometries, at least partially, may be related with the difficulties in representing orography in numerical models used for reanalysis. These regions are also poorly instrumented, i.e., inputs for reanalysis is much scarcer than other regions of higher observation density; this is a problem not only in assimilating precipitation for reanalysis but also in producing observed precipitation analysis (e.g., Kim et al. 2015a ).
